Isotope-coded affinity tags (ICAT) is a labeling technique that provides insights into quantitative molecular changes. In this paper, we propose a new protocol to identify and analyze ICAT labeled peak pairs in high-resolution LC-MS data. Our major contributions are: (1) we use isotope distance constraint, ICAT distance constraint, and LC-span constraint to identify ICAT labeled peak pairs and (2) we propose to trigger tandem MS/MS scanning based on the ratio estimation value of identified ICAT peak pairs instead of the peak intensity values. Compared with current approaches that choose peaks with high intensity values for tandem MS/MS scanning, the new protocol can improve the scanning efficiency and accuracy.
Introduction
The ultimate goal of comparative proteomics using mass spectrometry (MS) techniques is to study the protein/peptide expression differences under different conditions (e.g. disease versus normal, treatment versus control, etc.). To this end, efficient identification of peptide related peaks in MS data and accurate quantification of peptide expression levels are two key issues. In current MS based proteomics studies, however, these two issues are still very challenging due to the following reasons:
(1) Mass spectrometry instruments are very sensitive to experimental variations (including parameter setting of instruments, operational temperature, sample preparation, and many other factors). (2) Biochemical and electronic noise is common in MS data. * Corresponding author. Tel.: +852 2358 7054; fax: +852 2358 1485.
E-mail address: eeyu@ust.hk (W. Yu).
In order to reduce the effect of experimental variations, isotope-coded affinity tags (ICAT) was introduced (Gygi et al., 1999) for comparative proteomics. The attractive property of ICAT is that the use of isotope produces a pair of chemically identical reagents with the heavy reagent weighting a few Dalton more than the light reagent on the m/z axis. When we label one test sample with a light reagent and another test sample with a heavy reagent, both reagents will bind on the same peptides. After we combine two samples together and feed them into the MS scanner simultaneously (to reduce experimental variations), reagent labeled peptides will show up as peak pairs in MS spectra. Their abundance difference revealed in the MS data may indicate the difference between light-and heavy-reagent labeled samples. Moreover, the fixed m/z distance in each peak pair is a very strong constraint for us to distinguish true peptiderelated peaks from random noise. This is extremely helpful for us to detect peptides with low expression levels, which is one of the bottleneck issues in analytic protein techniques (Han et al., 2001; Schmidt et al., 2004) .
The ICAT concept has been widely used after its introduction (e.g. Moseley, 2001; Qian et al., 2003; Bottari et al., 2004; Conrads et al., 2004; Johnson et al., 2004) . Different software programs were developed to analyze ICAT labeled MS data (e.g. proICAT from Applied Biosystems, spectrum Mill from Agilent Technologies, Sashimi (including SEQUEST and XPRESS from Thermo Finnigan) from the Institute of System Biology, and ASAP Ratio by Li et al. (2003) ). Their performances are also evaluated (Haller et al., 2003a,b; Moulder et al., 2005) , although the details of commercial software programs (such as proICAT) are not publicly available.
Possible applications of ICAT techniques include:
(1) Cancer biomarker discovery. By labeling cancer samples with light reagents and normal samples with heavy reagents (or vice versa), we can quantitatively identify peptides that are differently expressed and use them as cancer biomarkers for diagnosis purpose. (2) Drug effect study. This will be the same scenario as cancer biomarker discovery if we replace cancer group with treatment group and replace normal group with control group. (3) Development study. We can compare samples of the same target at different time points by using ICAT reagents.
While ICAT has great potential in comparative proteomics, we also notice that some improvements are needed in current ICAT MS data analysis programs. In our current project, we need to automatically identify ICAT peak pairs from HPLC ESI-MS (high-performance liquid chromatography electrospray ionization-mass spectrometry) data and estimate their ratio values. After applying the ASAP Ratio (Li et al., 2003) and proICAT in the analysis, we found the following issues need to be addressed:
(1) Peak identification for high-resolution MS data. Current methods (such as Li et al., 2003) are based on simple local maximum search algorithm to detect peaks. This may result in many false positive peaks. We should be able to remove some false positive peaks by using additional constraints (such as the isotopic peak distance constraint) in high-resolution MS data. (2) MS/MS scan triggering. The MS/MS scanning is currently triggered either manually or by a large intensity value in the precursor MS spectrum. In the practice of quantitative proteomics, however, we are more interested in peptides whose expression levels are different under different conditions (such as disease versus control cases). (3) ICAT ratio estimation. Currently, the ICAT ratio is estimated as the ratio of the sums of peak pair intensity values or possibly after some smoothing (proICAT and ASAP Ratio). We like to consider the influence of noise and systematic measurement error from a bivariate analysis point of view.
To deal with these challenges, here we propose a New Protocol for ICAT labeled LC-MS/MS Data Acquisition and Analysis:
(1) Divide the ICAT labeled test sample into two equal portions. (2) Run the first portion through the LC-MS under the survey mode (i.e. only using one MS scanning setting), identify ICAT labeled peak pairs and estimate their ratio values.
One of the advantages of running samples only under the LC-MS survey mode is that we get much greater sampling across the chromatographic peak profile. This allows us to use an elution time check for increased peak identification confidence. (3) Run the second portion through the LC-MS under the survey mode. Switch to MS/MS at (m/z, LC) locations where the ratio values of identified ICAT peak pairs (see step 2) were not 1:1 and further identify the peptide sequences using database search.
The above protocol facilitates the analysis of ICAT MS data, making ICAT techniques closer to real applications. The rest of the paper is organized as follows: Section 2 describes an imaging and filtering method for the identification of ICAT peak pairs. Section 3 discusses ICAT pair quantification methods. Section 4 presents experiment results. Section 5 concludes the paper with some discussions.
ICAT peak pair identification
For simplicity, we only take the example of +1 charge state when we discuss about the m/z distance. The principle is the same for multiple charges. The identification of ICAT peak pairs consists of the following five steps (shown in Fig. 1 . In this paper, we used a relatively conservative span number of 10, while a thorough study of the influence of the span number may be of interest in future research.
In the following, we describe an imaging and filtering method to implement the above framework.
Imaging and filtering method
We consider the entire LC-MS data set as a 2-D image with the m/z value as x-axis, LC-index as y-axis, and spectral intensity values as image values. To convert the m/z values from floating numbers to integers, we construct a grid using the same sampling interval on the m/z axis for all spectra. For an arbitrary data point in one MS spectrum, we will keep its LC-index and intensity value, but change its m/z value to its closest m/z grid index (through a closest neighbor interpolation). In this paper, the sampling interval was set as 0.1 Da.
After the 2-D image is formed, we convert the ICAT pair identification problem to a filtering problem. Concretely, this is done through the ICAT Peak Pair Filtering Algorithm:
(1) Image smoothing along the LC-axis. We first apply a 1-D Gaussian function to smooth out the data along the LCdirection. The window size of the Gaussian function is determined based on the common knowledge of elution duration. Here we set the window size as 11. (2) ICAT pair identification using a comb shape filter. This step carries out the isotope distance check and ICAT distance check. Suppose we have 9 Da of ICAT distance and the charge state of ICAT pairs is +2. Assuming that the left most isotope peak of the light reagent labeled peak is located at i Da on the m/z axis, we will observe a pattern of (i, i + 0.5, i + 1, i + 4.5, i + 5, i + 5.5) for ICAT peak pairs in the spectrum, with the first three components corresponding to the light reagent labeled peak and the last three components corresponding to the heavy one. Using a sampling interval of 0.1 Da, we have a filter mask covering 56 grid points with the 1st, 5th, 11th, 46th, 51st, and 56th components equal to one and the rest equal to zero. The comb shape filter can be used in different ways: (a) If we are interested in finding out highly-expressed peptides that are labeled by ICAT reagents (i.e. we are interested in large intensity values), we can directly convolve the filter with the image and search for high filter responses. (b) If we are only interested in finding out peptides that are labeled by ICAT reagents (which may not necessarily be highly-expressed), we may convolve the filter with a binary version of the smoothed image and search for filter responses that are equal to six (i.e. having six isotope components using the filter mask mentioned above). (3) ICAT peak pair grouping. After ICAT pair identification has been carried out in individual spectra, we need to group together multiple ICAT pairs across the LC-axis due to the elution. Then, we give the median LC-axis value. This value together with the m/z value serve as the coordinates of identified ICAT pairs.
ICAT intensity ratio estimation
For a certain peptide, suppose we obtain a set of ICAT peak pairs across multiple spectra (x i , y i ) with i = 1, . . ., N, where x i and y i denote the intensity values of the left (light) and right (heavy) ICAT peaks, respectively, and N denotes the number of ICAT pairs. Two methods can be used to estimate the intensity ratio values:
(1) Estimating ratio in each spectrum: k i = y i /x i . The advantage is that we can trigger the ratio-based tandem MS scanning on the fly. The limitation is that the result may be sensitive to noise and we are not using all the information we have from the LC-MS data. (2) Estimating the ratio in a group-wise manner: we assume that all pairs (x i , y i ) have the same ratio value.
Here, we focus on the second option. A simple way to estimate the ratio using multiple spectra is to calculate the ratio of sum (or equivalently ratio of mean):
where N denotes the number of ICAT peak pairs across multiple spectra. The assumption behind this idea is that noise has zeromean and is additive to the measurement of x i and y i . Besides, there is no systematic measurement error.
In Li et al. (2003) , considered the possibility of having systematic measurement error and proposed a smoothing method to remove it. While the idea is interesting, it is unclear how the smoothing parameter was determined and how to evaluate the performance of the smoothing method.
In this paper, we reformulate the problem of estimating the ratio as a parameter estimation problem in a structural equation model (SEM) setting (Schumacker and Lomax, 2004) :
where X and Y are observed intensity values of light and heavy peaks, respectively. We use a x and a y to denote the constant baselines (they are referred to as intercepts in SEM), X 0 and kX 0 to denote the true intensity values of light and heavy reagent labeled peaks, respectively, with k denoting their ratio value. The additive noise in both measurements are x and y , respectively. We assume that x ∼ N(0, σ x ) and y ∼ N(0, σ y ) and they are uncorrelated with X 0 and kX 0 . Given a scatter plot of two variables X and Y (i.e. x i versus y i ), our goal is to fit a straight line (representing the linear relation) to the scatter plot and use the slope of the straight line as the estimate of the ratio value. This reminds us of the principal component analysis (PCA) method, which is also called Hotelling transform (Hotelling, 1933) or Karhunen-Love transform in the literature. In PCA, the direction of the principal component with the largest eigenvalue of the covariance matrix corresponds to the dimension that has the strongest correlation in the data set, while correlation is a quantitative measure of the strength of the linear relation between two variables. Thus, we may use a standard singular value decomposition (SVD) method to find the vector pointing to the direction where the scatter plot shows the largest variation (i.e. corresponding to the largest singular value) and then estimate the slope correspondingly as an estimate of the ratio. The success of the PCA method largely depends on the data structure: the more elongated the cloud of data points, the better the correlation (thus the estimation). We can use the ratio between the largest eigenvalue and the sum of all eigenvalues as a quantitative measure of the data quality:
The value of r is supposed to be close to 1, if the data has an elongated structure (i.e. has a strong linear relation). If the structure is not elongated enough, we have to switch to other methods. In this sense, the value of r serves as a quality measure of the data.
Experiments

Comparison of different ratio estimation methods
We used the SEM in Eq. (2) to synthesize three examples with known ground truth. The parameters are listed in Table 1 . The scatter plots of examples are shown in Fig. 2 . Here σ x and σ y are standard deviations of the error terms x and y , respectively. The term rand(1, N) denotes a vector of N components following a uniform distribution between 0 and 1. We used two normally distributed functions with zero-mean to simulate noise. We repeated the synthesization 100 times and estimated the ratio values accordingly. Fig. 2 shows one of the 100 scatter plots of observed peak pairs in each simulation. On top of the scatter plots, we also showed the intercept adjusted true pairs. Table 2 shows the mean and variance values of the estimation results using simple ratio of sum and PCA based method.
In above examples, the ratio of sum method is unable to deal with the existence of intercepts. The PCA based approach provides better performance when the data has an elongated structure (i.e. when the PCA score r is close to 1). But when the PCA score r gets smaller, PCA based method also starts to fail.
Real examples
In this subsections, we compared our protocol with the proICAT method with respect to the following criteria: (1) For validation purpose, we need data with known ground truth. Here we used the data in Moulder et al. (2005) , in which only nine proteins with known ratio values were present. Since each protein can be digested into many peptides in different combinations, we cannot predict the m/z locations of ICAT pairs purely based on the prior information of proteins. Also, it is unknown where the ICAT pairs are located on the LC-axis. Here we approximately inversed the ground truth using the following rules:
(1) We do not care about the LC-axis locations of identified ICAT pairs as long as their span on the LC-axis is larger than 10 spectra. (2) For an identified ICAT pair, if the tandem MS scanning shows that the corresponding peptide is from one of nine give proteins, then we consider its location as the ground truth. (3) The intensity ratio of ICAT peak pairs must be close to the protein ratio given in Table 1 in Moulder et al. (2005) .
Let us first check the performance of proICAT. This program gives a quality score ranging from 100 (the best quality) to 0 (the worst quality). In total, proICAT identified 1679 peak pairs with positive quality score values. Among them, 111 peak pairs have quality scores higher than 90 and 373 peak pairs with quality scores higher than 80 (see supplementary data for details 1 ). In the comparison, we only consider the results with the quality score higher than 90 to guarantee the quality of the results.
We searched the tandem MS parts against the database and derived the relationship between peptides and proteins. Totally, we found 55 peptide-protein relations among these 111 identified peak pairs (the table is submitted as supplementary data (see Footnote 1)). Fig. 3 plots the distribution of these peptides. Other peptides are not necessarily false positive identification results since the database search can only be carried out on those peptides with tandem MS spectra, while the triggering principle of tandem MS scanning in proICAT does NOT guarantee that all peptides labeled by ICAT reagents are scanned by tandem MS.
In our analysis, if a peptide is identified by proICAT as ICAT labeled and by proID as digested from one of the nine known proteins, then we consider it as the ground truth. For those peptides that are not identified by proID, we have to ignore them for the moment. In Fig. 3 , we found 12 such peptides. In the following, we will compare the ratio estimation values of these 12 ICAT labeled peptides using different methods.
In our imaging and filtering method, we set the threshold value first as 10 and then as 5 for peak preservation and sparse matrix construction (step 2 in ICAT Peak Pair Filtering Algorithm). The smoothing filter along the LC-axis is a Gaussian with window size of 11. The ICAT peak pair distance is 9, 4.5, Fig. 3 . We plot the left peak parts of ICAT labeled peak pairs found by proICAT as crosses. The quality scores of these ICAT pairs are higher than 90. We also plot 55 peptides that are digested from nine known proteins as circles. The overlapping peptides are considered as ground truth in the comparison of ratio estimation later.
3, 2.25, 1.8, and 1.5 Da for charge state +1, +2, +3, +4, +5, and +6, respectively.
Our major focus is to check whether our new method can provide higher sensitivity than the proICAT method and whether the ratio estimation in our method is more accurate than the proICAT method. Fig. 4 plots the centers of identified ICAT pairs using our method (shown as dots) as well as the proICAT results (left, shown as circles) and the proID results (right, shown as circles). Our method totally found 3992 pairs after thresholding the image with 10. This number further goes up to 17,781 in our method if we decrease the threshold value to 5. The Venn diagrams in Fig. 5 clearly shows that the majority of ICAT peak pairs that are identified by proICAT and proID are also identified by our method. Specially, the 12 ICAT peak pairs that are considered as ground truth in the proICAT method are all identified in our method.
It is possible that our method also introduces false positives since some noisy peak pairs may pass our check of distance constraints. But the point here is that we do NOT worry about false positives. Instead, we are afraid that the tandem MS scanning may ignore interesting peptides with low abundance values. Since, we use tandem MS spectrum as the ultimate tool for protein/peptide identification, the influence of false positives can be largely reduced after checking the tandem MS spectra. Now let us use the 12 ground truth pairs to compare the ratio estimation results. The linear relation between light and heavy peak values is very strong (see the plots in the supplementary data for details (see Footnote 1)). Table 3 shows the ratio estimation results of these 12 peak pairs using three different methods: the ratio of sum, proICAT, and PCA method. Overall, the results using the ratio of sum method are the worst, while the performance of the other two methods are comparable. For non 1:1 cases, the proICAT seems even slightly better, although the relative estimation error still needs to be reduced. This result is consistent with the simulation results shown in the previous subsection (note that the proICAT method cannot be applied to simulation examples). The columns from left to right: protein name, m/z value of the ICAT-labeled peptide, LC index of the peptide, true ratio value, ratio value using the "ratio of the sum" method (denoted as ROS), ratio value using the proICAT algorithm (denoted as proI), ratio value using the PCA method, and the quality score r in PCA method. The 9th and 12th peptides are actually the same based on their m/z and LC values. . Left: Venn diagram of numbers of identified ICAT peak pairs using proICAT, proID, and our method. The quality score in proICAT is higher than 90. The number in the circle marked as proID denotes the number of peptides identified by database search. In our method, we threshold the image with a value of 10. Right: diagram after decreasing the threshold to 5.
Conclusion and discussion
In this paper, we proposed a new framework to identify ICAT labeled peak pairs from high-resolution LC-MS data. We also proposed to directly trigger the tandem MS/MS scanning based on the ICAT ratio estimation result instead of the current peak intensity-based triggering method.
In order to identify ICAT labeled peak pairs, we proposed an imaging and filtering method. It is computationally more efficient than carrying out five constraints in a step-by-step manner. But it also requires that the relative shift of peaks between spectra is less than the sampling interval. If the requirement cannot be satisfied, then we have to align peaks together before carrying out the distance check (see Yu et al., 2006 , for more details about peak alignment).
Precisely estimating the ratio of expression levels between light and heavy reagent labeled peaks is critical in quantitative proteomics research, while our principal component analysis based method provides improved performance than a simple ratio of sum approach, we also observe that the estimation precision of ratio values needs to be improved, especially for the ratio values that are not 1:1.
In our ICAT peak pair identification method, we make no assumption (or constraint) on the intensity values. In LC-MS data, we can observe a clear first increasing and then decreasing trend of ICAT peak intensity values. In our future work, we will explore using this trend to improve the identification of ICAT peak pairs and the estimation of their ratio values.
The method proposed in this paper is not limited to analyze ICAT data only. Similar labeling techniques such as iTRAQ (iso-tope tagging reagents for relative and absolute quantification) and SILAC (stable isotope labeling with amino acids in cell culture) are also used in the proteomic quantification studies. We plan to extend the application of the same algorithm into the analysis of iTRAQ and SILAC data in our future work.
